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ABSTRACT
MEASURING, MODELING, AND EVALUATING THE SPATIAL PROPERTIES OF
NORTHEAST OREGON FORESTS USING UNMANNED AERIAL SYSTEMS
by
James Perkins
University of New Hampshire, May, 2019
There is an ever expanding range of applications for the aerial images that unmanned aerial
systems can uniquely provide. One such application is the use of high-resolution imagery for
stand-level forest inventory. Inventory techniques utilizing unmanned aerial systems could
be attractive where conditions demand high-resolution data, or where other aerial imagery
sources are cost prohibitive. Here the effectiveness of unmanned aerial systems in this ap-
plication was tested. Over the summer of 2015, a remote-controlled hexacopter equipped
with a micro four thirds camera was flown over multiple 1600 meter-squared forested plots in
Eastern Oregon. Additional ground-level validation measurements were collected including
stem location, crown radius, and tree height. Agisoft Photoscan was used to construct 3-D
point-clouds which then allowed the production of digital surface models of the stands. The
first section of this project assesses the accuracy of stem locations derived from segmented
imagery. The next section evaluates the accuracy of estimates for tree height, crown radius,
and diameter at breast height. In the final section, various spatial metrics such as stand
contagion and species mingling were compared with more commonly used metrics to see if
xiii
significant correlations emerged. The utilized methods did not yield sufficiently accurate
estimates for stem location or the various forest biometrics. Yet this work revealed stand
density to be a significant influence on model accuracy. Finally, stand density and species
diversity were found to be well correlated with the nearest neighbor and species mingling
indexes, respectively, potentially supporting a complementary relationship indicating the




1.1 The Spatial Component of Forestry
Documenting the spatial nature of forests provides a valuable perspective on their behavior.
Although some spatially-oriented metrics like stem location can be expensive to collect, such
data opens the door to a new dimension of spatial analysis in forestry. The top image in
Figure 1.1 is a low density stand composed of more mature trees. This information is reflected
in its stem map, which reveals the well-organized nature of the stand, likely the result of
forest management practices. The bottom image tells the opposite story of many younger,
smaller trees competing for space, which can just as well be observed in the stem map. The
key advantage of the stem map is it reveals information pertaining to the organization of the
stand that goes beyond what the typical stem density metric is capable of.
Throughout the forest ecosystem there are processes constantly in motion shaping the
stand. While seemingly arbitrary, the placement of individual stems is far from accidental.
Trees have sprouted, competed, and died, in some cases due to nothing more than the
fortune associated with their precise location. Deer and elk have grazed, consuming seeds
and leaves that would have grown to maturity. Native Americans hunted, settled, and
managed. Colonists harvested timber for furnishings, and their navies. Modern society
allocated various stands for either exploitation, conservation, or management. Each of these
events contributed in structuring the forests that we see today. This structure, defined as the
type, size, shape, and spatial distribution of the components in a forest stand, is intimately
tied to the function of the forest, both feeding back upon one another (Spies, 1998).
1
Figure 1.1: (Top) Low density forest stand and stem map. (Bottom) High density forest
stand and stem map. Units are in meters.
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Understanding forest structure is critical to proper timber management and is a driver of
modern silvicultural practices. This is because of the intricate relationship between form and
function within a forest. In Figure 1.1, one can observe how competition among trees affects
the spatial distribution of inland Northwest forests. Within a forest ecosystem, the roles and
actions of individual trees affect the resulting shape of the stand. Therefore, silviculturalists
can manipulate the structure of a forest to obtain desired growth characteristics in trees.
Best stated by Baskent and Jordan (1995), this knowledge "permit[s] the management of
forest structure in a knowing and calculated way."
This knowledge is not only valuable to those who wish to attain maximum timber yield
for profit. It has far reaching implications for forest and ecosystem management. Concerning
the threat climate change poses to forest health, this understanding of forest structure can
be used to potentially mitigate the negative health impacts on the forest and ecosystem as
a whole. Foresters can manage tree spacing and canopy features to increase the resilience
of the ecosystem. For instance, trees could be intelligently spaced to meet the theoretical
increased growing space requirements in the future. By sacrificing a few trees in the near
term, the continued existence of the forest can be assured. Yet, the upper limit on this
knowledge has not been reached, and future research can potentially increase the precision
with which we manage these features. Particularly in the spatial organization of stands,
allowing foresters to reach more nuanced goals than meeting a stem density value.
There currently exists a gap in knowledge on the effect of the specific location of a stem
on the resulting forest stand organization. This is mainly because the data to test these
relationships is difficult to collect, especially at large scales. There is still room for a greater
understanding on how factors like spatial autocorrelation, microclimate effects, and species
mixture impact forest structure on micro scales. Fortunately, this seems likely to change,
with new technologies available that show the potential to efficiently collect this data. One
such option involves the use of unmanned aerial systems (UAS) to acquire imagery that
allows for the identification of individual tree crowns. This methodology requires minimal
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time in the field compared to manual stem location measurements, theoretically expanding
the amount of research allowed in this field of forestry.
1.2 Remote Sensing in Forestry
For decades, remote sensing has served as an innovative tool for examining forests from a
unique vantage point. The launch of the first Landsat sensor in 1972 provided a consistent,
birds-eye perspective for foresters that allowed for the classification of forested landscapes
(U.S. Geological Survey (USGS), 2013). Since then, technological innovations in sequential
Landsat and additional space and air-borne sensors have increased the spatial and spectral
resolution through which we can observe forests. These developments have solidified the role
of remote sensing in ecological research, providing a valuable method of data collection that
often compliments, and even supplants ground-based research methods (Cohen and Goward,
2004).
One of the most unique aspects that remote sensing brings to ecological research is the
ability to perceive light from wavelengths beyond the visible spectrum of the human eye. Re-
searchers noticed the prominent reflectance of vegetation in the near-infrared (NIR) portion
of the light spectrum from the onset of infrared photography which led to its inclusion on the
MSS sensor on Landsat 1 (Cohen and Goward, 2004). The invention of digital photography
brought with it the ability to create images from the product of multiple regions of the light
spectrum, allowing researchers to intentionally highlight objects with specific spectral signa-
tures. This use of ’spectral indexes’ was one of the most important developments in the field
of remote sensing, and remains the backbone for many of its current applications. One of the
most commonly used of these in the analysis of vegetation is the ’normalized-difference vege-
tation index’ (NDVI) which highlights vegetation in photos though its contrast of reflectance
in the green and NIR portions of the light spectrum.
For a majority of the history of remote sensing, observing forests in high spatial detail
was a challenge. Landsat sensors and the Moderate Resolution Imaging Spectroradiometer
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(MODIS) have historically been two of the most accessible programs to researchers. Yet,
their respective spatial resolutions of 30 and 500 meters were more suited to large-scale
mapping and analysis of forests, and ineffective for interpretations at spatial scales relative
to local or stand-based research. It was the ease of access, and the eventual free release
of this imagery which influenced the course of remotely-sensed research of forests towards
large-scale applications (Woodcock et al., 2008). This presented a challenge to those who
wished to study forests at finer resolutions. While private companies could be hired to obtain
high spatial resolution imagery through their own space and airborne sensors, the cost of
doing so was prohibitive to most research at small spatial scales (Sawaya et al., 2003).
There has been considerable interest in the use of high-resolution imagery to evaluate
forests. The ability to analyze forests through fine-resolution imagery presents the oppor-
tunity to better understand the components of forest ecosystems. For instance, the ability
to differentiate individual trees could mean the ability to interpret their respective species,
allowing for a large scale analysis of species distribution and mixture (Leckie et al., 2003).
However, this analysis is not without its challenges.
The use of high-resolution imagery shifts the analysis paradigm from pixel-based to
object-based. In high-resolution imagery, a pixel is just a part of a larger picture, and
cannot be used to infer information on its own. Instead trends in spatially related groups
of pixels are used to interpret aspects of the stand. There have been numerous analysis
pathways presented to isolate crowns as objects, from the work in Gougeon (1999) on a
texture-based analysis to the use of a pulse-coupled neural network (Li et al., 2009).
LiDAR instruments have also been incorporated into the remote sensing of forests to
delineate tree crowns. By using laser pulses to measure distances, LiDAR instruments are
capably of precise location measurements in three dimensional space. They have been utilized
in two different platforms, airborne and terrestrial. Aerial LiDAR is mounted on an aerial
vehicle or satellite and obtains measurements of the height of ground features. Terrestrial
LiDAR is typically mounted on a tripod and measures distances to all objects within range.
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While both of these platforms have proven capable of the task of tree crown delineation, they
are not without their caveats. Airborne LiDAR trades greater point density for increased
ground coverage, along with significant canopy detail. Terrestrial LiDAR preserves this
detail, but at the expense of time and portability. Instruments for both platforms are very
expensive as well, with prices often in the five or six figure range.
Historically, the field of remote sensing has required that researchers utilize sensors devel-
oped by companies and government organizations with the resources to produce and manage
such projects. The notable expense of purchasing repeated observations inhibited the uti-
lization of large datasets. Additionally, imagery was limited in spatial resolution by law to
0.5 meters until only recently. Fortunately, developments in remote sensing technology have
permitted new platforms that are controlled by the user, grant greater customization to meet
specific applications, and feature reduced costs for repeat measurements.
1.3 UAS Applications in Remote Sensing
In recent years unmanned aerial systems have emerged into the marketplace that are both
suitable for remote sensing applications and affordable to researchers. Such is the case that
there are a variety of remote-controlled aerial platforms and camera systems that are suitable
for a variety of mapping and analysis applications, from agriculture to wildlife and of course,
forestry. For mapping operations over greater areas one can utilize the range of a fixed-wing
model aircraft. Alternatively, for stand-level measurements one can take advantage of the
stability and ease-of-use of a multi-rotor drone. These factors allow UAS to be used for
high-density image collection, capturing an unprecedented amount of detail in the canopy
below. The use of UAS in remote sensing confers a number of advantages to the researcher
such as:
• The removal of private contractors as the ’middle-man’ for collection of high-resolution
imagery.
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• The ability to customize a platform to meet specific applications and cost.
• The capability of autonomous flight, following pre-programmed flight patterns (Horcher
and Visser, 2004).
• The ability to collect data on-demand.
The ability to capture imagery on-demand overcomes one of the greatest limitations of
remote sensing. Researchers are able to acquire data according to their own time frame,
with little significant cost for repeat observations. This allows greater freedom in the data
collection methods, utilizing different altitudes and perspectives to enhance the capability
of the dataset. While there are certain limitations in the data collected by a typical UAS
platform, the resulting spatial resolution of in the scale of centimeters often compensates for
these concessions.
UAS has already been tested in a number of natural resource and wildlife applications.
Koh and Wich (2012) used UAS imagery to detect and count wildlife in the field. Regarding
forestry applications, work has been accomplished to establish UAS imagery as a tool to
observe forest health and features, such as the gap fraction present in forest stands (Getzin
et al., 2014).
This platform can provide data at a high enough spatial resolution that one can begin
to identify individual trees, potentially allowing stem locations to be mapped. This would
allow for the effective detailed spatial analysis of forest stands in a typical ’UAS cruise’, both
progressing our knowledge of how specific stem placement affects stands and introducing this
knowledge into management practices.
UAS technology carries the potential to revolutionize the way foresters observe forests.
Traditional ground cruising has long been the primary method for foresters to make obser-
vations that influence management decisions (Wulder et al., 2006). Incorporation of UAS
observations could provide a useful additional resource for keeping informed on forest health.
The capability of the imaging technology to provide insight through NDVI images could pro-
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vide early warnings of threats to the stand. Additionally, the ease of data collection could
allow for frequent inventory analysis and map generation, providing future foresters with an
archive of spatial information that could uncover hidden trends.
1.4 Study Area
Characterized by a mixture of forest and desert landscapes, the ’Eastside’ of Oregon is often
contradictory to the typical perceptions of the Pacific Northwest. The ’Eastside’ encompasses
the portion of Oregon that lies east of the Cascade Range. Lower lying regions are covered
in desert and grassland, while extensive forests lie further up the elevation gradient. This
region is home to a number of National Forests, including those of the Wallowa-Whitman,
Umatilla, Malheur, and Ochoco, as well as a significant portion of forest land held by private
entities. These forests are characterized by two prominent canopy species. Pinus ponderosa
(Ponderosa Pine) thrive in drier climates, often featuring some mixture of Pseudotsuga men-
ziesii (Douglas-fir) in the canopy (Graham and Jain, 2005; Meigs et al., 2009). Alternatively,
wetter regions, such as north-facing slopes, feature a stand species composition of Douglas-
fir and Abies grandis (Grand Fir) as the dominant species, with lesser occurrences of Larix
occidentalis (Western Larch), Picea engelmannii (Engelman Spruce), and Pinus contorta
(Lodgepole Pine). With a variety of forest types, management practices, and dynamic land-
scapes, this region made for a suitable location to conduct our research.
Forests in this region have been subject to human intervention since it was first inhabited
by Native Americans. While there is little doubt that their activities made an impact on
forest structure and function, it was not until the beginning in the late 19th century, when
Euro-American settlers were introduced to the area, that humans began to make a massive
impact on forest function (Cooper, 1960). Their land use practices fundamentally altered the
ecosystem function, most notably in the wide-ranging disruption brought upon by extensive
deforestation and fire suppression (Allen et al., 2002). Since this time, mature forest stands,















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 1.2: Map of plot locations (red) in Eastern Oregon
11
upon the canopy, altering the ecological balance. The recent impact of climate change has
further exacerbated these issues, leaving the forests susceptible to significant health threats,
such as disease and insect damage (Covington and Moore, 1994).
The timber industry has long been intertwined with the community and culture of the
region, with many communities established around the resource. Historically, the timber
industry was a major source of economic growth and provided jobs for many members of the
community. However, most of the forest land lies in National Forest territory, and changing
policies of the U.S. Forest Service has resulted in a decline in the timber industry in the
region. As a result, many who once held jobs in the forestry industry have had to find work
elsewhere, as the presence and demand of the industry has significantly declined. However,
the economic value of the forests does not merely lie in their ability to be logged and sold
as timber products. The vast national forest land present serves as a venue for ecotourism
that diversifies the local economy (Hibbard et al., 2015).
As anthropogenic and climatic threats further encroach upon these forests, effective for-
est management practice becomes an important tool to ensure ecosystem resiliency. The
forests provision of essential services and use as an economic resource make them intricately
tied to the surrounding communities (Waage, 2001; Lettman, 2002; Hamilton et al., 2012).
In attempting to restore these forests to a healthy and sustainable state, it is crucial to
understand how forest structure influences form. Understanding the spatial distribution of
trees in a stand, and differentiating those of healthy and unhealthy stands alike, can guide
us in our efforts to restore these ecosystems. With a focus on forests in the Eastside, one of
the goals of this project is to provide useful information that foresters in the region can use
to improve their management practices.
1.5 Project Goals
Faced with the prospective threats associated with a warming climate, it is imperative that
the most ecologically sound methods for conserving healthy forests are identified and es-
12
tablished. The forests of Eastern Oregon already face challenges from insects, disease, and
wildfires of increasing size and intensity. The use of new technology can aid in this ef-
fort, providing more efficient means of data collection while increasing the precision of our
management techniques.
The focus of this project lies in establishing useful techniques for the use of UAS in forest
management. Aerial imagery was acquired over multiple forested plots in the region, along
with the collection of validation data on the ground. This allowed for the assessment of the
effectiveness of using the imagery to identify various forest biometrics, such as tree height,
crown volume, and stem location.
Furthermore, in order to demonstrate the value of this information towards the improve-
ment of forest management techniques, a number pre-established forest spatial metrics were
calculated and tested against various attributes to find significant relationships. The goal be-




1.6.1 Important Terms and Definitions
Term Abbreviation Definition
Canopy Height Profile CHP Raster height model where
all values are relative to the
ground. Therefore all values
representing the ground are
set to 0.
Digital Surface Model DSM Raster height model where
all values represent the ele-
vation of the highest point
within the pixel, including
objects on the surface.
Digital Terrain Model DTM Raster height model where
all values represent ground
elevation.
Ground Control Point GCP A fixed point on the ground
where coordinates have
been recorded. Used for
georeferencing of remotely-
sensed imagery.
Structure from Motion SfM A software algorithm that
determines the three-
dimensional structure of
objects, in the form of point
clouds, from an image series
capturing the scene from
multiple perspectives.
Unmanned Aerial Systems UAS (a.k.a UAV or Drone) An
airborne vehicle that does
not require a pilot on-board
to operate. It is either pi-




The following two chapters present an analysis of the same aerial image dataset collected
onboard a remote-controlled UAS platform. They utilize the methods detailed in this section.
Field data collection for this study was divided into two primary tasks. The first was
the recording of stand attributes and stem locations. This was influenced by the work of
(Moeur, 1993) including the mapping of stem locations to a Cartesian plane as well as the
sub-sampling for height and crown radius attributes. The second task was the collection
of aerial imagery using UAS which drew on Fritz et al. (2013) in part for its flight pattern
design, but most heavily leaned on the firsthand experience of Dr. Michael Palace.
1.6.3 Plot Design
Sample plots were established at various locations throughout Eastern Oregon during the
summer of 2015. Chosen locations were ideally contiguous areas of uniform forest conditions
at least 10 m from any road, body of water, or other interference in the landscape. One of
the goals in plot selection was to include a range of slope and tree cover conditions across
the entire project to allow an assessment of where the method was most and least successful.
In total, 32 plots were established and incorporated into the study.
The first task upon arriving at a suitable site was to establish the plot boundaries. Within
an area that fit the requirements previously mentioned, a corner of the plot was set, marked
by a flag atop a brightly colored pole. A team of two then proceeded to mark the boundary
lines with one person towing the end of a measuring tape while the other sighted their
direction using a compass. Boundary lines were established along cardinal directions when
possible, a choice made to simplify plot construction in the field and reconstruction in the
lab. A total of of 9 locations were marked, including 4 plot corners, 4 quadrant centers, and
the plot center. Each of these 3 point types was marked with different colors to make them
simpler to distinguish in the field.
40 m x 40 m was determined to be an adequate plot size considering (1) the time required
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to collect stem location data for an area of that size and (2) the production of a high image
density given the amount of time allotted on a battery charge. Sample plots were square
with plot borders aligned to cardinal directions when possible. The plot quadrants were each
20 m x 20 m in size. From the northwestern portion of the plot clockwise they were labeled




Figure 1.3: Sample plot grid layout and compass orientation
1.6.4 Stand Subset Measurements
At first upon visiting the plot site, a subset of sample trees was chosen which would be
measured for height and crown dimensions in addition to those common to the rest of the
stand. The ideal number of sample trees for this task was set at 10 in consideration for time.
In order to make selections that were most representative of the rest of the stand, trees were
chosen according to a basal area factor (BAF) determined from a manual, sight-based, point
sampling method where the user’s thumb defined the opening angle. The data collector
would stand in the center of the plot, arm extended, counting the number of trees that
appeared greater than the width of their thumb (Figure 1.4). This number was indicative
of the density of the stand, as a greater count implied more growing space per tree, hence
16




Table 1.3: BAF factor chosen by sight assessment
a more sparsely populated stand. This count of trees determined the BAF used to select
sample trees (Table 1.3).
Once the plot was established, the data collector would then choose trees from the center
of each plot quadrant using a standard relascope given the BAF determined earlier. Each
tree of the sample subset was measured for tree height, minimum crown height, and crown
radius. Each of these values was measured using a Haglof Vertex IV hypsometer.
In order to measure tree height, the data collector obtained a vantage point that allowed
line of sight to both the top and base of the tree. With the Vertex IV transponder unit
placed at breast height on tree, the hypsometer was aimed at the transponder which allowed
calculation of the distance and angle to the base of the tree. This was subsequently pre-
formed for the top of the tree and the bottom of the crown, providing enough information
to determine tree height and minimum crown height.
The transponder was kept at the same spot on the base of the tree to measure crown
radius. Beginning from the azimuth direction between the base of the tree and the quadrant
center, the data collector walked from the tree base to the edge of the crown. They then
used the hypsometer to measure the distance, being the crown radius in that direction. This
was repeated in 90° increments, resulting in four crown radius measurements per sample tree
(Figure 1.5).
1.6.5 Stem Location Measurements
In order to geo-locate every stem within the plot, all stems were measured for distance and
azimuth angle from the center of their respective plot quadrants. This was performed by
17
Figure 1.4: Choosing site BAF factor by sight (left) and using a Spiegel Realskop to identify
sample measure trees (right)
Figure 1.5: Direction of crown radius measurements relative to the quadrant center (red).
Stem center is marked in green.
two team members using a Vertex IV hypsometer and a compass. One team member would
make their way to the base of each tree, with the hypsometer in hand, while the other stood
at the quadrant center with the compass. With the transponder mounted at breast height
at the quadrant center, the team member at the tree would measure the distance with the
Vertex IV placed at breast height on the tree. The team member at the quadrant center
would then record the azimuth angle to the tree using a compass. This was completed in
clockwise fashion for every tree with a diameter at breast height (DBH) greater than 10 cm.
All compass measurements were recorded using magnetic headings. Additionally, all stems
18





Figure 1.6: Diagram of distance and azimuth measurements for different quadrants. Quad-
rant centers are red, stems are green.
1.6.6 GPS Measurements & Ground Control Points
The collection of plot coordinates was necessary for georeferencing the imagery obtained
from the UAS observations. On the ground, GPS coordinates were recorded using a Trimble
Geoexplorer 6000 series GPS receiver. To ensure an accurate reading the GPS receiver
was given a significant amount of time at each surveyed location. Beginning at the plot
center, the Trimble Geoexplorer was set for 45 minutes. After a reading was recorded, the
same process was repeated at each of the 4 plot corners, except only allowing 30 minutes to
capture each corner point. In order to make these measured locations visible in the collected
imagery, 1-inch diameter PVC piping was placed at these five locations to serve as ground
control points (GCP). The corner markers consisted of two 1-meter lengths of pipe joined by
a 90° junction. The center marker consisted of a T-junction, with the perpendicular piping
pointing towards the mid-point of the boundary line between the corners in quadrants A1
19
6-Letter Code Latin Name Common Name
ABICON Abies concolor White fir
ABIGRA Abies grandis Grand fir
JUNOCC Juniperus occidentalis Western Juniper
LAROCC Larix occidentalis Western Larch
PICENG Picea engelmannii Engelman Spruce
PINCON Pinus contorta Lodgepole Pine
PINPON Pinus ponderosa Ponderosa Pine
PSEMEN Pseudotsuga menziesii Douglas-fir
Table 1.4: Species names and codes used for data collection and analysis
and A2.
1.6.7 Stem Maps
Stems were plotted to a Cartesian grid using the distance and azimuth measurements to
the plot quadrant center. Equations (1.1) and (1.2) show the calculation of a raw x and
y coordinates from azimuth angle a and distance to quadrant center d. Depending on the
measured quadrant, the x and y coordinates were adjusted according to equations (1.3) and
(1.4), where n is the plot quadrant according to Figure 1.3 in order to convert all coordinates








)) ∗ d (1.2)
x(n) =

x− 10 n = A1|B1





y + 10 n = A1|A2
x− 10 n = B1|B2
(1.4)
The Cartesian coordinates were also transformed into geographic coordinates. In order
to accomplish this, both the distance azimuth angle to the plot center were first calculated
using equations (1.5) and (1.6), where x and y are the Cartesian coordinates and d′ is the
hypotenuse of the triangle formed with the plot center. θr was calculated as the arctangent
of the absolute value of y
x
, subtracted from 90 pi
180
in quadrants A2 and B1 to account for their
locations relative to the plot. θr was then corrected to θ through equation (1.7) by adding
radians according to their containing plot quadrant. Finally, geolocated x and y coordinates
(xg, yg) were calculated using equations (1.8) and (1.9) by adding the magnetic declination
G to θ, applying the appropriate trigonometric function, and multiplying by d′.
d′ =
√





















x < 0 & y > 0
θr x > 0 & y > 0




x > 0 & y > 0
(1.7)
xg = sin(θ +G) ∗ d′ (1.8)
yg = cos(θ +G) ∗ d′ (1.9)
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1.6.8 Collection of Aerial Imagery
Aerial imagery was collected onboard a remote controlled hexacopter. The hexacopter was
mounted with a Panasonic Lumix micro four thirds camera. The device was pointed directly
downward. When possible, the hexacopter was flown in a methodical flight path using east-
west transects, progressively moving northward after each sweep (Figure 1.7). The flight
altitude was typically 10-20 meters above the highest point in the canopy, which would be
estimated from tree height measurements.
N
Figure 1.7: Typical flight pattern for UAS image collection
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CHAPTER 2




The field of forest biometry arose over a century ago from the desire to describe forests quan-
titatively. Since then foresters have gained a comprehensive understanding of the controls on
forest productivity, from species interactions to growing space requirements. Research has
even been conducted on the how the spatial distribution of forest components affects forest
growth (Clark and Evans, 1954; Aguirre et al., 2003; Moeur, 1993). Despite inquiry into the
topic of detailed spatial analysis in forestry, rarely does the typical industrial survey include
this analysis beyond the stand density metric. This is completely understandable as there
is a high cost of collecting stem-location information and data analysis that may not justify
the benefits as currently understood (Pouliot et al., 2002; Holmstrom et al., 2003). Yet, new
technologies may be able to reduce the cost of such analysis. With a high-frequency of image
collection and the introduction of effective structure from motion (SfM) software in the past
decade, UAS based techniques provide a method for efficient stem location mapping. Ideally
this would lead to a more expansive application of detailed spatial analysis that could benefit
the field of forestry in the future. In pursuit of this goal, this chapter proposes an analysis
pathway for the production of forest stem-maps from UAS imagery.
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2.1.2 Point Clouds and Structure from Motion
One of the major leaps in remote sensing technology has been the introduction of point
clouds, which bring a third dimension to spatial analysis. Typically used to display LiDAR
measurements, a point is a measurement of discrete coordinates along the X, Y, and Z axes
in three-dimensional space. When these points are grouped together, the resulting mesh of
positions and elevations is termed a point cloud (Shan and Toth, 2008). In the context of
forest analysis, the use of point clouds provides a pathway to estimations of a variety of
biometric measurements, such as stem diameter, crown volume, and tree height. A number
of modern LiDAR instruments even feature the ability to record point reflectance values
across multiple wavelengths, allowing for the differentiation of photosynthetic and woody
material using spectral indexes (Woodhouse et al., 2011; Vauhkonen et al., 2013). However,
LiDAR is not the only method for point cloud construction, as it is also possible to produce
three-dimensional measurements from aerial imagery.
The principle of stereoscopy has allowed researchers to estimate depth and elevation from
two images of the same region taken from different vantage points. This has allowed digital
elevation models (DEM) to be produced from space borne imagery (Toutin, 2001; Cheng,
2002). Building on this concept, more detailed and layered point clouds are able to be
interpreted from aerial imagery using structure-from-motion (SfM) algorithms. The term
structure-from-motion originated from the field of psychology, referring to the ability of the
mind to infer three-dimensional structure from the motion parallax effect (Ullman, 1979).
This concept was later applied to computer vision, leading to algorithms that could construct
point clouds from a series of images of the same object when taken from different perspectives.
This has resulted in a number of software applications that are able to interpret structure
from image sets such as Microsoft Photosynth Pix4D, and Agisoft Photoscan (Microsoft;
Pix4D; Agisoft). These types of software algorithms have proven effective at reconstructing
well-defined solid objects (Koutsoudis et al., 2014; Seitz et al., 2006).
Since the introduction of these software applications, researchers in remote sensing have
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been examining their effectiveness at reconstructing scenes from UAS aerial imagery. The
prospect of these reconstructions from UAS imagery is exciting, as the maneuverability of
UAS makes them well suited as image collection platforms. Recently, this practice has been
applied to the field of archaeological remote sensing, with detailed digital surface model
(DSM) outputs being utilized for the interpretation of man-made artifacts hidden on or
beneath the surface (Verhoeven, 2011; Kersten and Lindstaedt, 2012). Efforts have also
been made in the field of forestry to use UAS imagery to reconstruct trees and full stands
with considerable success (Fritz et al., 2013).
2.2 Methods
2.2.1 Data Collection
Data used in this section was collected using the protocol outlined in section 1.6. Tree
stem locations and crown dimensions were measured on the ground and aerial imagery was
captured from above using a camera-mounted remote control hexacopter.
2.2.2 Point Cloud Construction
Imagery collected in the field was processed using the Agisoft Photoscan software to generate
point cloud models. For each plot, imagery was aligned to a low-density point cloud. This
was a semi-automated process in which the software scanned each image for recognizable
control points which were used to tie the imagery together. Those images that could not
be aligned automatically required the manual identification of control points. From this
point, latitude, longitude, and altitude data recorded in the field was used to georeference
the point cloud and imagery. The final point cloud was then generated using the highest
density output settings allowed by the software, which required a typical processing time
of 60 hours on our desktop computer with an Intel i7-5280K CPU with 12 cores at 3.30
GHz, a GeForce GTX 780 Ti graphics adapter, and 128 Gb of RAM. Ultimately the time
required for analysis limited the dataset for this chapter to 11 of the 32 plots where data
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was collected.
2.2.3 Tree Crown Delineation
Following the successful generation of the high-density point clouds, a relativized canopy
height profile (CHP) was generated for each plot using the ENVI image processing software
package. This was developed by first processing the point cloud with ENVI LiDAR to
produce a raster digital terrain model (DTM), which represented the topography, and a DSM,
which included the maximum height of any element in the plot in meters. A subtraction of
the DTM values from the DSM resulted in the CHP, which served the purpose normalizing
all ground points to a value of 0 and all other point values to their height above the ground.
The CHP was imported into Quantum GIS (QGIS) where it was further processed to
delineate tree crowns. In order to eliminate underlying topography and vegetation that
would serve to distort the final product, all CHP values between 0 and 3 meters were set to
0. A morphological closing filter (a dilation followed by an erosion) with a circular radius of
2 pixels as was performed on the modified CHP to fill in gaps within the tree crowns in the
imagery. These gaps were part of the contiguous tree crowns but served to reduce the quality
of the image segmentation output if not accounted for. The 2 pixel radius was chosen after
experimentation with various parameter settings. The SAGA GIS watershed segmentation
method was then used to delineate regions representing individual tree crowns on the basis
of contingency within the vertical profile of the plot. This segmented image was converted
into a vector data format, allowing for the calculation of various biometrics of interest.
2.2.4 Stem Count Estimation
With the number of stems within the plot measured in the field, it was possible to assess the
accuracy of the estimation for total number of stems within the plot. Stem locations were
derived from the tree crown centroid. Trees that would be incorporated into this estimated
count were those whose estimated crown centroids fell strictly within the plot boundaries.
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Estimated stem locations placed in the buffer zone beyond the plot were excluded from this
count. The filtering of CHP values between 0 and 3 meters in section 2.2.3 served to preclude
understory trees from being included in stem count estimates.
The success of these estimations were evaluated as a percentage of the actual number of
stems counted in the field. Additionally, a paired t-test and F-test between the estimated and
field counts were used to further asses the method’s accuracy. The t-test was implemented
to establish if the mean of the estimated stem counts was statistically different from the
counts obtained in the field. The F-test was used to test if there was a statistical difference
in the variance of each dataset. Therefore, a t-test result indicating similarity between both
datasets would lend evidence to the accuracy of the estimated values.
2.2.5 Stem Location Accuracy Assessment
Estimated stem locations were assessed against their most likely actual counterpart. This
was determined from a distance matrix generated between the sets of actual and estimated
stem locations. Included estimated stem locations were those found within the plot area
plus a 5 m buffer zone. This is a slightly larger group of estimates than for section 2.2.4,
since in this case it was deemed appropriate to allow edge-case estimates to be included in
the analysis. Stems in the field were only measured within the plot boundary.
Actual and estimated stem locations were paired based on the distance between an actual
stem location and the nearest estimate. These pairs had to be unique, and stem location
estimates that were near multiple actual stems were paired to the nearest of the two. Accu-
racy was assessed using the mean distance between a stem-estimate pair. Furthermore, the




2.3.1 Point Cloud Construction
The quality of a developed point cloud was highly dependent on the collective detail present
in its respective image set. Image quality was variable and was affected by its blurriness,
overlap with other images, ground visibility, and GCP visibility. Most images were suitable
for incorporation into the SfM model, however in limited cases images were discarded due to
blurriness. The effect of excluding these images was negligible, since overlap in coverage was
able to compensate for the loss of a single image. Ultimately 11 sample sites were modeled
for this chapter, with processing time inhibiting the generation of models for all sites.
In most cases the process of image alignment was simple, with the computer able to fit
the images together to create a scene almost entirely on its own. Some plots required a
greater degree of manual input to register the images. This required the identification of
planted GCP’s, in addition to other objects on the ground, to inform the software of the
image’s coverage within the scene. This was more time consuming with plots that featured
a denser canopy. From the experience of aligning the imagery, it became clear that there
was a relationship between the lack of visibility of the forest floor and the increased effort
required for image registration.
A visual assessment of the point clouds revealed that the structural accuracy of the point
cloud was affected by the success of the image alignment. Scenes where many images were
aligned using the minimally required number of registration points typically showed a lesser
degree of quality (Figure 2.1). Additionally, applying the coordinates for the planted GCPs
as well as incorporating ’scale bars’ of a known distance between them noticeably aided in
the image alignment process, resulting in a model of higher quality.
Resultant canopy models varied in quality, yet were suitable to use for further analysis.
The orthophotos produced for each plot maintained a spatial resolution of 2 cm, preserving
a great degree of detail in the scene. However, some distortion was present, most notably
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towards the edge of the image collection area, where imagery was scarce, as well as in some
of the canopy elements themselves. This was not an issue for the analysis as imagery was
collected from a buffer zone around the plot to keep edge distortion away from the analysis
region. Overall edge distortion in the orthophotos had a minimal impact on their utility.
2.3.2 Canopy Map
Use of a watershed analysis of the height field data allowed for mapping of the canopy crown
area of the various sample plots. Figure 2.2 reveals the final result of the map for the plot
22, featuring the crown area, actual stem locations, and their respective estimates. The plot
was located in an old-growth ponderosa pine forest with a low stand density. This was a
primary subject in testing the early iterations of the analysis method. Once it was deemed
successful, the method was then applied to the rest of the data. A visual assessment of the
map reveals the capability of the analysis. With pairs between actual and estimated stem
locations circled in red, it can be shown that stem locations could be estimated in a way that
is somewhat representative of their actual locations. Interestingly, it is worth noting that
there appears to be a trend in the distance between these stem location pairs, increasing
gradually as the stems are located further from the plot center.
Table 2.1: Accuracy of stem count and location estimation
Plot ID Actual Count Estimated Count Error(%)
Mean Distance
(m)
3 36 24 -33% 6.62
4 39 47 +21% 3.42
6 36 45 +25% 4.07
9 22 42 +91% 2.59
11 32 57 +78% 3.41
17 97 67 -31% 3.97
18 83 45 -46% 5.12
19 84 49 -42% 3.55
22 28 43 +54% 3.99
26 51 33 -35% 4.26
32 94 54 -43% 5.52
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Figure 2.1: Example of a higher quality point cloud (above) and one of a lower quality
(below). More detail can be observed in the higher quality dataset.
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Figure 2.2: Canopy crown map of plot 22 (above) with accompanying aerial orthophoto
(below)
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Figure 2.3: Estimated stem location and crown map of plot 22 over aerial orthophoto
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Figure 2.4: Estimated stem location and crown map of plot 6 over aerial orthophoto
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Figure 2.5: Estimated stem location and crown map of plot 17 over aerial orthophoto
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Table 2.2: Summary statistics for stem count estimation
Test Statistic Value P-Value DF
Mean Percent Accuracy 104%
Percent Accuracy Std. Error 15.73%
Mean Distance 4.23 m
Mean Distance Std. Error 0.34 m
T-Test 3 0.0124 10
F-Test 12 0.000474
2.3.3 Stem Count Estimation
A purely visual assessment of the results can only provide a limited amount of information
on the effectiveness of the stem location estimates. Therefore, building on the analysis of
the results with a detailed comparison to the data collected on site can further a case for
the success of the analysis method. Table 2.2 represents the analysis of the stem count
accuracy across 11 plots where estimates were produced. The estimated counts included
stems derived by the model that fell strictly within the plot boundary, as some trees outside
of the plot were recreated as well. On average the model estimated stem counts were 4%
greater than what was measured in the field, however no individual plot’s estimated number
of stems came within 20% of the actual count. Therefore, while the average trend indicates
a tendency to overestimate the number of stems on the plot, no individual estimate was
sufficiently accurate. This was also evidenced by the t-test indicating a significant difference
between the actual stem counts and the estimates. Furthermore, the p-value of the F-test
indicated a significant difference in the variance of the datasets which indicates that the
model may lack precision.
2.3.4 Stem Location Accuracy
The mean difference between the actual location of a stem and its estimate was 4.23 m.
Results were also visualized by the cumulative percent of stems identified per plot at a given
35
distance from the respective actual stem (Figure 2.6). This allowed for observation of trends
in how distance from the actual stem affects the effectiveness of the model, as well as overlay
other plot variables that may be impacting the results, such as those found in Table 2.3.
Table 2.1 indicates a varying degree of success among the range of sample sites. In Plot
9 tree locations were estimated with the lowest mean distance to their actual counterparts
across the entire dataset, yet the total count of stems was overestimated by 191%. Plot 32
showed the greatest mean distance between actual and estimated stem locations, yet with
only 57% of the actual stem locations being paired. In terms of overall trends, Figure 2.6
reveals that only about half of the plots had at least 75% of the actual stem locations
estimated to within 10 m of their true location. The other half were only able to estimate
50% of stem locations to within a 10 m radius.
Figure 2.7 features an overlay of stem density on the data in Figure 2.6. The overlay
reveals that the lowest performing plot models featured the highest stem densities. Figure 2.8
evaluates this trend further by visualizing the relationship between total number of estimated
stems as a percent of the actual count by stem density. Plots with a stem density closer to
600 trees/ha underperformed in terms of number of stems identified, whereas plots with a
density less than 200 trees/ha over performed in this regard.
2.4 Discussion
UAS is an emergent technology, and its successful inclusion in forest monitoring practices
will not come without significant challenges. While there are previous studies concerning the
application of structure-from-motion technology to forestry, a bulk of this work has focused
on the mere capability of reconstructing trees in a point cloud, as opposed to identifying more
nuanced features within the stand (Colomina and Molina, 2014; Fritz et al., 2013; Sperlich
et al., 2014). Much is still undetermined in terms of best practices, and different forest
types may require special consideration to accommodate for their unique characteristics.
Furthermore, what methods that may prove to be effective for the samples applied in this
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3 Crook 1036 Ponderosa 225 23.17 36.21
4 Crook 1357 Ponderosa 243.75 21.96 33.87
6 Union 925 Mixed 225 27.75 39.63
9 Wallowa 1351 Ponderosa 137.5 21.14 44.25
11 Baker 1460 Mixed 200 29.51 43.34
17 Grant 1619 Mixed 606.25 43.29 30.15
18 Grant 1874 Mixed 518.75 49.19 34.75
19 Umatilla 1391 Ponderosa 525 23.56 23.91
22 Crook 1274 Ponderosa 175 33.55 49.4
26 Grant 1007 Ponderosa 318.75 16.56 25.72
32 Wheeler 1362 Mixed 587.5 29.2 25.16
Table 2.3: Additional information on each forest plot
Figure 2.6: Cumulative percent of actual stems per plot identified by error distance
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Figure 2.7: Percent accuracy over distance, featuring field measured stem density overlay
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Figure 2.8: Percent of actual trees identified in plot by field measured stem density
39
study may not be so elsewhere.
In the case of modeling stem locations, there are two degrees of functionality to test for.
The most basic degree of functionality is the ability to merely replicate the number of stems
within the plot. Success at this level allows some convenience for those conducting forest
inventory, allowing a quick count of the trees in the plot. Theoretical UAS obtained stem
counts alone could better inform above ground biomass estimates in the future, as well as
provide insight on the forest density for those waiting for the right moment to enact their
next management application. The more challenging task is the ability to accurately record
the location of those stems. The prospect of foresters having access to this capability is
much more exciting, with the potential to broaden the general understanding of the spatial
dynamics of forests (Getzin et al., 2014; Garzon-Lopez et al., 2013).
2.4.1 Counting Stems
Replicating the number of stems within the plot boundary proved to be challenging. While
the mean estimated stem counts as a percentage of actual counts was 104%, no single estimate
count came within 20% of the actual value. This undermines confidence in the model as the
current degree of error present is unacceptable for forest analysis.
The most crucial component of the utilized processing chain was the quality of the image
data. Poor average image quality for any given plot impacted the overall result. Trees had
to be identifiable from the imagery, which could have been affected by the height and density
of the trees, the similarity of the color of the surrounding vegetation, the blurriness of the
imagery, as well as other factors. Effort was made to ensure the highest possible quality
of imagery, by methodically planning the flight pattern and moving the UAS as slow as
possible. However, environmental factors like wind could negate these efforts and negatively
impact the quality of the imagery. This would result in blurry images, limiting the pool of
useful data for the SfM algorithm to drawn on. Additionally, it is possible that alterations to
the imaging setup could improve the result in future trials. From the top-down perspective
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it was difficult to discern the individual tree crowns in some of the imagery. It is certainly
possible that the direct nadir perspective on the canopy was too limiting for the intended
analysis, where pointing the camera off-nadir may have captured more detail in the canopy
useful for replicating its structure (Harwin and Lucieer, 2012; Fritz et al., 2013).
Exploring additional plot-level information provides insight to the factors that signifi-
cantly influenced stem-count results. Figure 2.7 provides a view of the accuracy curves for
each plot with a stem density overlay, which begins to highlight the impact this variable
has on the model’s success. Stem density played a key role in the model results, further
evidenced by Figure 2.8. Both figures reveal a clear relationship between stem density and
the resultant estimated stem count as a percent of the actual count. The model consis-
tently underestimated the number of trees present in plots featuring a greater stem density.
Conversely, the model consistently overestimated stem counts in plots with a lower stem
density.
Greater stem density most likely resulted in canopies that were more homogeneous from
the birds-eye perspective yet multi-layered in terms of the distribution of tree heights. This
meant that it was likely more difficult for the model to differentiate individual tree crowns,
especially those that may have been concealed by the upper canopy. Sample sites with lower
stem densities tended to have much larger individual trees with significantly larger crowns
(Oliver and Larson, 1996b). This probably had the effect of fooling the model to believe that
a single large tree crown were multiple individual crowns. This would have led the model
to produce phantom trees that were not reflected by reality. Both of these phenomena were
encountered when developing the model and may certainly have had a significant impact on
model performance.
There were two different dominant forest types of note for this experiment, those with
ponderosa pine as the primary canopy cover and those with a mix of douglas fir and grand fir
dominating the canopy. The ponderosa pine stands were often sparser on the ground, with a
lower stem density. These pine stands were also more likely to be intensively managed, with
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foresters noticeably restricting the stand density to the greatest degree within the scope
of the study. Alternatively, the mixed fir stands typically contained a greater variety of
species and were denser. There were certainly exceptions to these typical cases with different
types of forests exposed to different management styles. This is meant to underscore the
difficulty in implementing a one-size-fits-all method for detecting trees. This coincides with
the skepticism demonstrated by Puliti et al. on the transferability of UAS measurements
between stand types (2015). With Figure 2.8 clearly indicating stem density having an
effect on model performance, greater success may have been found by tailoring tree detection
methods to specific stand conditions.
It is worth noting that one of the issues that may have impacted these findings was the
way stem count accuracy was determined. Estimated stems were included in the stem count
estimate if they were strictly within the bounds of the plot area that was overlaid within
the GIS. The issue presented here is that not all stems that appeared within the plot on the
ground may be presented within the same area in the GIS. It is entirely probable that minor
distortions from the process of presenting this data within a GIS, along with a reasonable
degree of error, resulted in counted trees near the boundary to not be so after presenting the
data in the GIS, and vice versa. This could have altered tree count estimates.
Ultimately the estimated stem counts proved to be ineffective for use in the field. For-
tunately, sufficient knowledge has been gained from this project to aid future efforts in this
inquiry. Certainly, ground visibility has proven to be one of the strongest controls on the
accuracy of stem count estimations, as crowns are most separate and differentiable. Ways to
build upon this knowledge to improve this method are to be addressed in the final chapter,
as many of the solutions for improving stem counts will also aid in improving stem location
accuracy.
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2.4.2 Stem Location Accuracy
Attempting the estimation of stem locations was a considerably difficult task that required
the coordination of multiple data points. Figure 2.2 represents one of the more successful
attempts at estimating tree locations. It is also revealing of the typical issues associated
with estimating stem locations. While certainly not up to the standard of a report from a
field technician, there is promise in the fact that most stems were able to be detected within
5 m of their true location. Stems not located within this distance may have been subject
to a number of circumstances impacting their accuracy. For instance, some stems were not
recalled within the bounds of their respective crown area by the SfM software. While it is
difficult to resolve the specific reason behind an individual case, the most probable culprit
was the lack of high-quality image coverage of the tree of interest. This portion of the plot
may have comprised of images that were blurred or featured notable differences in exposure
(Dunford et al., 2009). Another common issue was the software’s inability to differentiate
some neighboring crowns, instead assuming the presence of a single larger crown. This was
directly related to the performance of the watershed segmentation, which in the interest of
automation had to be set to be the most effective for the greatest number of circumstances.
With a mean location accuracy of 4.23 m it is important to assess where this method
fits into forest management as it currently exists. Unfortunately, the reported degree of
accuracy does not inspire enough confidence to rely solely on this technology for stem loca-
tion mapping. Iterations of experimentation and advances in technology may bring a day
when this is a possibility. However, for now UAS technology may only warrant a comple-
mentary role in collecting forest inventory data. As opposed to using this data as the only
source of information in stand inventory, it may be suited as a more efficient revisit method.
Presumably, following a thorough ground-based stem cataloging, a revisit utilizing a UAS
platform could quickly obtain imagery from above. Despite the aforementioned mean error,
the UAS-obtained data could be paired with the previously collected data for a change de-
tection analysis. The initial intensive data collection could provide a foundation for years of
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follow-up data collected via UAS.
Still, the goal for UAS technology in forest research is to develop a method that is capable
of providing useful stand analysis in its own right. To get there, further study is required to
understand what inhibits the successful and accurate location of tree stems. Looking back
to the conclusions drawn from Figure 2.7, it is evident that stem density is a prominent
control on the accuracy of stem locations, which is closely related to the degree of crown
closure. Yet, with many forests of the world being denser than those visited as part of this
project, it is critical to improve on the ability to identify stems in higher density stands.
Stems were identified based on a watershed analysis, and increasing crown density may have
inhibited the analysis’ ability to accurately differentiate individual crowns. Additionally,
the resolution of the CHP may have impacted the identification of stems. Resolution was
gradually reduced throughout each phase of processing, with initial orthomosaics maintaining
a spatial resolution of 2 cm, to the CHP maintaining a resolution of 10 cm. Furthermore,
the smoothing filter intended to eliminate gaps within the canopy and make tree crowns
more easily differentiable may have been more beneficial on low density stands. However,
since the same method was applied equally to all stands performance on higher density
stands may have been unintentionally sacrificed. This narrative resonates when considering
the extensive initial testing with lower density stands. What has become evident is that
the one-size-fits-all approach to processing, intended to be generally applicable, may not be
compatible with the resolution of the obtained data.
For the time being it may be the case that only certain forest types may be compatible for
analysis with UAS imagery. As noted by Garzon-Lopez et al. (2013). These would be forests
that maintain a lower stand density with dominant canopy species that feature crowns easily
distinguishable from the imagery.
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2.5 Chapter Conclusions
This project shows that much work is needed before the successful introduction of UAS into
the field, with multiple areas of concern needing to be addressed. Most notably, analysis
of the results reveals that increasing stem density interfered with the ability to accurately
assess the number and location of stems in a forest stand. Denser stands often featured
a greater degree of canopy closure, which made it difficult for the watershed analysis to
isolate the peaks and valleys of the main stems. Image collection should be oriented towards
capturing the greatest amount of structural detail in the crown, to be discussed later in
this thesis. Furthermore, lacking image quality over small plot regions may have impacted
the resulting point cloud. Future trials should include greater focus on camera settings to
eliminate motion blur.
Ideally, knowledge gathered through this work with UAS will aid future efforts in this
endeavor. This technology shows promise, and has the potential to aid foresters which
manage forested lands large and small alike with periodic and efficient observations. The
introduction of UAS will no doubt be revolutionary in land cover observation when it takes
hold, and it is truly exiting to be a part of this research.
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CHAPTER 3
Estimating Forest Biometrics from Point Cloud Data
3.1 Introduction
Forest inventory is an important component of forest management for both commercial
and ecological applications. It allows foresters to keep informed on forest coverage, timber
volume, species distribution, and more. With a proper forest inventory at hand, a forester
can make an educated decision on when to initiate a timber harvest, as well as understand
the long-term trend in forest health (USDA, 1992; Gillespie, 1999). The U.S. Forest Service
conducts a national-scale survey, referred to as the Forest Inventory and Analysis (FIA),
a massive undertaking requiring the use of a multitude of sample plots distributed around
the country (USDA Forest Service, 2015). Estimating inventory at a national scale requires
significant time and expense on the part of the U.S. Forest Service to obtain the information
required.
In an effort to reduce the time and labor force required, remote sensing has become a
component in the FIA (Smith, 2002). Aerial imagery is an effective tool for observing the
extent of a forested area, and when used as a component in a double-sampling method it
allows for greater efficiency than through reliance solely on ground-based sampling methods
(Poso et al., 1987). However, aerial imagery is limited in the information it can convey on its
own. While it is capable of identifying the area of forest coverage, the tenuous relationship
between timber volume and spectral reflectance makes it challenging to infer above ground
biomass from digital imagery (Trotter et al., 1997).
Rather than attempting to use spectral signatures as a surrogate, timber volume is most
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effectively calculated when provided a structural variable of the tree, such as height or diame-
ter at breast height (Kershaw Jr. et al., 2016). The use of photogrammetry by overlaying two
images of varied perspectives allows the estimation of canopy height, however the precision
of the data is questionable (Wynne and Carter, 1997). Airborne LiDAR is capable of reliable
canopy height measurements, but at greater financial expense. In the attempt to balance
time and cost, the answer may lie in a forest inventory method using structural variables
estimated by SfM-generated point-clouds. Similar point clouds generated from terrestrial Li-
DAR measurements have already shown to be useful for estimating forest biometrics (Palace
et al., 2016). However, they are high in cost and are limited to an under-canopy perspective.
The advantage conferred by using UAS and SfM data is that they offer a view from above
the canopy.
Utilizing the spatial and spectral information produced from the SfM algorithm demon-
strated in the previous chapter, it is feasible that timber volume may be estimated from
the data collected in this study. UAS observations may offer foresters a suitable primary
or supplementary data source for estimating forest inventory, especially considering the po-
tential for a prompt revisit following a natural disaster (Tang and Shao, 2015). Further
processing of the collected remote sensing data is the basis for estimating timber volume. In
this case, height profiles generated from the resulting point cloud allow for the estimation of
tree height. Then the relationship between tree height and DBH can be leveraged using the
equations outlined in Jenkins et al. (2003) to calculate above ground biomass for the stand
(Baskerville, 1972).
These techniques push the data analysis further beyond the methods imposed in chapter
one, extrapolating a wealth of information from a synergistic relationship between the spatial
and spectral elements of the forest plot model. This chapter proposes methods to extract
additional information from UAS imagery and its associated point-cloud to infer additional




3.2.1 Estimation of Tree Height and Crown Radius
Once tree crowns were delineated according to the methods in section 2.2.3, crown areas
were accessible in GIS software as vector images. In order to estimate crown radius, the
assumption was made that the radius of a circle of equal area was representative of the mean
crown radius. Therefore, crown radius was estimated using equation 3.1, the same used to
calculate radius from the area of a circle, where A is the area of the tree crown and r is the






Since the height profile was in a raster format, estimated tree height was derived from
the maximum height value within a respective tree crown polygon.
3.2.2 Modeling the Height-Diameter Relationship
Trees that were measured for height were the basis for establishing a relationship between
height and diameter. Using the complete dataset of measured tree heights and their diam-
eters, the standard least squares method was used to derive the intercept and slope of the
linear relationship between tree height and the natural log of DBH. The resulting equation
would fit the format of 3.2 where d is the diameter of the tree, h is the height, a is the
intercept, and b is the slope. DBH was chosen to be transformed by the natural log since a
visual assessment of the data indicated a better fit between the variables.
ln d = a+ b ∗ h (3.2)
These equations were established for each species with more than eight observations
recorded across the entire study.
48
3.2.3 Accuracy Assessment
To assess the accuracy of the model estimates, a paired t-test was conducted using the set
of estimated values for a given variable against the set of values recorded in the field. The
t-test indicated if there was a statistically significant difference between the means of the
model estimates and the actual values. An F-test conducted between the same dataset pairs
indicated if there was a significant difference in between the variance of the model estimates
for a given variable and field-obtained values. The variables tested were tree height, crown
radius, and DBH.
Additionally, a standard linear regression was used to test the relationship between es-
timated and field values. The field values were used as the independent variable and the
estimated values were the dependent variable.
3.3 Results
3.3.1 Height & Radius Estimation Accuracy
Ground truth data produced 58 observations to test the accuracy of estimated crown radius
and tree height measurements. Values for mean crown radius were underestimated by an
average of 0.68 m (Table 3.1). A graphical representation of the distribution of height crown
radius estimates are found in Figures 3.2 and 3.1, respectively. Results from the statistical
F-test indicated similar variance between the actual and estimated values, yet the t-test
results indicated the two groups had significantly different means (Table 3.2).
The relationship between actual and estimated tree height values followed a similar pat-
tern to those for crown radius. Tree heights were consistently underestimated by a mean of
4.91 m (Table 3.1). F-test results suggested a similar degree of variance between values while
the t-test did not support the hypothesis that the group of estimations had a statistically
similar mean to the actual values (Table 3.2).
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Figure 3.1: Comparison between estimated and actual values for tree height
Table 3.1: Mean and standard error of biometric estimations
Mean Difference Std Error RMSE
Height (m) -4.910 1.060 9.390
Crown Radius (m) -0.678 0.217 1.780
DBH (cm) 5.730 1.070 26.100
Table 3.2: Summary statistics for estimated biometrics
F-Statistic p-value (F) T-Statistic p-value (T) DF
Height 0.795 0.388 4.630 0.00002 57
Crown Radius 0.718 0.215 3.120 0.003 57
DBH 0.527 0 -5.590 0.00000 502
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Figure 3.2: Comparison between actual and estimated crown radius values
Table 3.3: Summary statistics for linear regression of biometric estimations. The field ob-
served values were used as the independent variable and the estimated values were the
dependent variable.
Intercept Std Error (I) Coefficient Std Error (C) R2
Height 17.100 2.350 0.413 0.106 0.214
Crown Radius 2.890 0.278 -0.039 0.113 0.002
DBH 28.100 1.310 0.051 0.032 0.005
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Table 3.4: Overview of crown radius values and estimates by plot
Plot ID Forest Type Mean Radius Mean Estimate Mean Difference
3 Ponderosa 1.925 1.185 -0.862
4 Ponderosa 2.461 1.645 -1.146
6 Mixed 2.471 2.457 0.142
9 Ponderosa 3.857 1.602 -2.255
11 Mixed 2.025 1.775 -0.25
17 Mixed 2.145 3.616 0.825
18 Mixed 2.487 2.84 0.14
19 Ponderosa 1.99 3.698 2.215
22 Ponderosa 3.556 1.494 -2.502
26 Ponderosa 2.75 2.269 -0.843
32 Mixed 2.743 3.107 0.169
Table 3.5: Overview of crown radius values and estimates by forest type
Forest Type Mean Radius Mean Estimate Mean Difference RMSE
Mixed 2.374 2.759 0.205 0.385
Ponderosa 2.756 1.982 -0.899 0.774
3.3.2 Height - DBH Relationship
Height - diameter relationships were derived and tested for seven different species, white
fir, grand fir, juniper, western larch, engelmann spruce, ponderosa pine, and douglas fir.
R2 values for these relationships varied by species between 0.68 and 0.94 (Table 3.6). The
species with the strongest correlation between these variables were ponderosa pine and grand
fir, while the weakest correlation was found in white fir and western larch. Trees with the
fewest samples, such as subalpine fir and juniper were too limited in sample size to produce
effective linear regressions, but were still included in the method. The height-diameter
relationships were then tested for accuracy (Figure 3.3). The overall mean error was 48%,
varying by species (Table 3.7). These equations failed to produce accurate DBH estimates
when applied to the full dataset.
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Table 3.6: Derived allometric equations by species




ABICON 2.15 0.231 0.068 0.012 0.683 14 7.541
ABIGRA 2.017 0.079 0.075 0.004 0.94 21 5.439
ABILAS 2.862 - - - 0 0 -
JUNOCC 5.428 - -0.083 - 1 0 0
LAROCC 2.499 0.254 0.04 0.01 0.444 20 9.817
PICENG 2.615 0.263 0.043 0.01 0.755 6 7.179
PINCON 2.803 - - - 0 0 -
PINPON 2.461 0.041 0.054 0.002 0.858 135 7.693
POPTRE 1.255 0.666 0.11 0.036 0.695 4 4.186
PSEMEN 2.255 0.125 0.059 0.005 0.747 41 11.698
Table 3.7: Mean error of DBH estimations









Figure 3.3: Comparison of the accuracy of the estimated DBH values based on the modeled
height - diameter relationships
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3.4 Discussion
Key to the ability to estimate tree height and crown area was the proper delineation of
tree crowns. Improper identification of tree crowns would have affected both the crown
area estimations and the zonal statistics that were critical to tree height estimations. At
too great of an image resolution, tree crowns reveal their irregularities and ’fuzzy’ regions
emerge where the crown and environment meet. Crown shape may vary between species.
In the case of ponderosa pine, reconstructing the crowns with long, thin needles may be
challenging. Missed crown area, or crown elements that blend in with the background, can
mean an incomplete crown when attempting reconstruction using SfM.
3.4.1 Underestimate Trends with LiDAR
Although not incorporating the use of lasers, the use of imagery with SfM produces data
that is very similar to that from LiDAR. It also features similar limitations. One expectation
when attempting to measure tree heights with LiDAR instruments is the underestimation
of the value, as has been found in previous studies (Hopkinson et al., 2004; Nilsson, 1996).
Since tree height represents the greatest distance between the trunk of the tree and the top of
the crown, and there is only a single point on the crown that truly represents that measure,
the statistical probability of capturing that actual value increases with the resolution of the
data collected. Ultimately, it is more likely that this point will not be measured than the
converse. Therefore, it is more likely that the maximum height recorded will be less than
the true height of the tree. The same is in the case with the technology used in this project.
Limited by the resolution of the imagery and the generated point cloud, it is entirely possible
that tree heights and other measures of maxima will consistently be underestimated.
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3.4.2 Tree Height
Tree height is one of the most accessible forest biometrics in remote sensing via airborne
LiDAR. Effective relationships between tree height and other variables, such as DBH, could
make forest inventory much more effective from remote sensing data. As expected, tree
heights were underestimated by the model, with a mean underestimate of 4.9 m. Figure 3.2
further indicates a trend of underestimated values as a majority of tree height estimates
were lower than the truth data. This is certainly outside of the realm of acceptable error
for proper inventory analysis. In future iterations of this work, a possible appropriate action
would be to adjust the height estimations by a reasonable figure to calibrate the estimates,
influenced by the suggestion of a species-specific correction factor by Andersen et al. (2006).
Additionally, reliance on pixel resolution proved not enough to overcome the limitations of
standard color imagery. Similar studies, such as Zarco-Tejada et al. (2014), have had greater
success by incorporating near-infrared imagery into their data collection methods. This type
of imagery serves to more effectively differentiate vegetation from the surrounding elements.
This may have aided the SfM algorithm in accurately delineating the tree crowns, potentially
improving the accuracy of the resulting estimations.
3.4.3 Crown Radius
Crown radius values were not underestimated to the same degree as with tree heights. Overall
the mean underestimate value for crown radius was 0.68 m, which is a significant variation
of the mean crown radius of 2.8 m (Table 3.1). This highlights the difficulty in creating a
model that can accurately assess the edge of a tree crown. The area in imagery containing
the edge of the crown can be ’fuzzy’, making it difficult for both the SfM algorithm to
identify the edges and the watershed model to classify them. Issues that affected tree height
estimations certainly may have impacted crown radius estimations, particularly the lack of
use of near-infrared imagery.
An interesting trend that emerged in the results was a how the model estimated above
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Figure 3.4: Example of grand fir tree crowns viewed from the UAS
or below the true value according to forest type. Near all ponderosa pine stands had their
mean crown radius values underestimated, while the converse was true for mixed-fir stands
(Table 3.4). An explanation for this difference may lie in the physical shape of each of the
dominant canopy species crowns. Fir species typically feature smaller needles and denser
crown areas, making them more ’solid’ objects from the image analysis perspective. Further-
more, these crowns were often more regularly shaped than their ponderosa pine counterparts.
These factors may have influenced the SfM method results, by making it easier to identify
the crown shape of douglas and grand fir trees.
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Figure 3.5: Example of ponderosa pine tree crowns viewed from the UAS
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3.4.4 Predicting DBH from Estimated Tree Height
The equations for above ground biomass established by Jenkins et al. (2003) allow for the
computation of above ground biomass from tree diameter. The assessment of above ground
biomass is an important component of a forest inventory assessment, yet diameter is a
challenge to measure from the perspective of remote sensing. The most effective method
for diameter measure is the use of terrestrial LiDAR, however its accuracy is limited and
measurements are restricted to line of sight, meaning that the instrument must be moved
and many scans must be performed in order to capture the data necessary to estimate
stem diameter (Stovall et al., 2017). Understory elements like stem diameter are difficult
to capture using airborne image or LiDAR sensors since they are typically concealed by the
canopy. That being said, past work by Yao et al. (2012) showed effectiveness in estimating
stem volume from full-waveform airborne LiDAR. This indicated a possibility of deriving
DBH from airborne remote sensing. The path taken in this project was to relate tree height
to DBH in the way that DBH is related to above ground biomass.
Species such as grand fir, douglas fir, and ponderosa pine showed a satisfactory degree of
strength in the derived linear relationships between tree height and DBH, but were ineffective
when applied across the entire dataset. Mean error for DBH estimations was significant, in
many cases not reflecting reality (Table 3.7). This serves to highlight the tenuous relation-
ship between tree height and DBH. There are many factors beyond age and diameter that
influence tree height which can vary between plots and individual trees (Oliver and Larson,
1996a). Studies that have shown promise in estimating above ground biomass have utilized
a different approach than relating height to DBH. For example, the model derived by Næsset
and Gobakken (2008) incorporated tree height, species composition, geographic location, and
stem density into their site-level above ground biomass estimations. When using airborne
remote sensing data to attempt to estimate forest inventory, these stand characteristics may
be the more effective method than trying to emulate DBH measurements.
59
3.5 Chapter Conclusions
The methods presented proved ineffective for accurately estimating tree height and crown
radius. Furthermore, the derivation of allometic equations relating tree height and DBH
resulted in inaccurate DBH estimations across the entire dataset. The success on these
estimations was contingent on the proper delineation of tree crowns, affecting the outcome
of all steps downstream in the model. Improvements to methodology could include the
inclusion of near-infrared imagery in data collection and the exploration of a correction
factor for tree height estimates. Ultimately, what clearly needs to be better understood are
the sources of error that are interwoven to this technology.
With the exception of particularly sparse stands where the entire stem is visible within
the point cloud, there is not a clear pathway to estimating DBH from SfM point clouds. The
relationship between DBH and tree height is not consistent. Yet, if the goal is to estimate
stand level biomass, there is more promise in modeling with factors that are more directly
measurable from the remote sensing data.
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CHAPTER 4
Influences on the Spatial Organization of Eastern Oregon Forests
4.1 Overview
The precise location of a stem within a stand is the result of the interaction of higher-level
stand processes. Factors like species composition, human intervention, and microclimatic
variations influence the resulting spatial organization of a forest stand (Zenner and Hibbs,
2000; Kenkel, 1988). With so many elements at play, it is challenging to ascertain the degree
to which these processes influence the spatial dynamics of forests. In the past the high cost of
stem location data limited inquiry into this topic. Yet, remote sensing technologies available
provide cost-effective solutions to cataloging stem locations (Liang and Hyyppä, 2013; Fritz
et al., 2013; Skurikhin et al., 2013). The ability to use this data as a proxy for monitoring
additional ecological functions within forests would further enhance the utility of remote
sensing analysis. This is a departure from the accuracy assessment of forest models in the
previous sections. Instead, the captured stem location data is being utilized to uncover the
primary influences on stem location and their magnitude of influence.
The objective of this chapter was to investigate how the specific spacing between trees
in a stand relates to other stand attributes. As UAS-derived stem locations become more
reliable, using the spatial distribution between stems may be a suitable method to infer
information about the stand. The spatial distribution of the stand was assessed using the
nearest neighbor, stand contagion, species mingling, and DBH-differentiation indexes. These
spatial attributes were compared against a number of forest biometrics measured on site.
The guiding query for this investigation was to understand if any forest properties could be
61
inferred from these spatial indexes.
4.2 Methods
4.2.1 Data Collection
Stem location data was collected according to the methods outlined in section 1.6.5, while
Cartesian and geographic coordinates were calculated according to the process in section 1.6.7.
4.2.2 Species Abundance
Per-species relative abundance a was calculated according to equation (4.1) where T is the
total number of stems from all species on the plot and S is the stem count for species x.






Species diversity was calculated using the Shannon index, which reflects the likelihood that
the species of a random individual can be predicted. The higher the value, the lesser the
likelihood of being able to make an accurate prediction. This is calculated as H ′ in equa-
tion (4.2), where S is the species richness, and pi is the relative abundance of a given species.
H ′ = −
S∑
i=1
pi ln pi (4.2)
4.2.4 Quadratic Mean Diameter
Quadratic Mean Diameter (QMD) is effectively the mean diameter in accordance with the
mean basal area. This is most often the measurement used for assessment of mean DBH
as opposed to the true arithmetic mean (Curtis and Marshall, 2000). This was calculated
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for each plot according to equation (4.3), where D is the diameter of a given tree at breast







There currently exists a multitude of spatial indexes, both specific to forests and otherwise,
that are suitable for the spatial analysis of tree stems. Inclusion of all spatial indexes would
be a significant undertaking that would be beyond the scope of any one study. With the
intent of establishing the utility of spatial statistics in forestry, as well as their descriptive
power for the area of interest, this study has been limited to the four most prominent indexes
that were identified during literature review. These are the nearest-neighbor analysis, stand
contagion, species mingling, and DBH-differentiation.
Nearest Neighbor
The nearest-neighbor metric L was originally proposed by Clark and Evans (1954) as a
rudimentary method for gaging the spatial relationship between neighboring trees in a stand.
The most basic spatial forest metric, it is a simple averaging of the distance between all stems
and their nearest neighbors. It provides a greater context to the spatial distribution of stems
than stand density alone. The nearest-neighbor metric is defined by equation (4.4), where n







Introduced by von Gadow et al. (1998), the stand contagion metric (Wi) provides an under-
standing of how trees are organized within a stand. It is a measure of the distribution of
63
azimuth angles between a stem and its n number of closest neighbors. It is calculated as the
mean of n number of binary values assigned based on the angle made between a neighbor
tree, a central tree, and the successive neighbor in a clockwise direction, where the central
tree is the vertex. Assigned values are relative to the reference angle of 360
n
. Angles greater
than the reference angle are assigned a value of 0, while those less than are assigned a value
of 1. Contagion is calculated according to equation (4.5). For this project, as in the example
below (Figure 4.1), four neighbor trees were used to derive contagion, resulting in a reference









Angle 1 < 90 ∼ 1
Angle 2 > 90 ∼ 0
Angle 3 = 90 ∼ 0





Figure 4.1: Example of calculation for stand contagion. The larger central circle represents
the target stem, while the surrounding smaller circles represent its four nearest neighbors.
Species Mingling
The formula for species mingling (Mi) is a reduction of Pielou’s coefficient of segregation,
applicable to the species mixture calculation for those neighboring an individual (Pommeren-
ing, 2002). Computationally similar to the contagion metric, it is the mean of values assigned
to n nearest neighbor trees (4.6). Those sharing the same species as the central tree are as-
signed a value of 0, while those of a different species are given a value of 1. The species
mingling index provides insight to the degree of segregation between different species in a
64
stand. For example, in a stand containing 2 species, a mingling value of 0 would indicate
that each species occupies a separate portion of the stand, while a value closer to 1 would
indicate a strong mixing of species. For this project, mingling values were derived based on








Diameter differentiation (Ti) gauges the relative difference between the diameters of a stem
and n neighbor trees (Pommerening, 2002). This value is a potential indicator of the unifor-
mity of stems within a stand, as well as a potential proxy for stand initiation, stem exclusion,
and the successional stage of a stand. Between a pair of neighbor trees, DBH differentiation
is calculated as the percentage that the smaller diameter comprises of the larger (4.7). For
this project, DBH differentiation values were calculated based on the three nearest neighbors








Linear regression was used to determine if a significant relationship existed between the
spatial indexes and various calculated stand biometrics. In this case a correlation matrix
of Pearson correlation coefficients and associated p-values were used to compare all the
relationships at a glance and highlight those that were statistically significant. Since the
likelihood of incidentally encountering a statistically significant relationship increases as more
variables are added to the correlation matrix, p-values were adjusted using the Bonferroni
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method. This approach is one of the most conservative, multiplying the p-values by the
number of tested relationships.
The linear regression was performed within the R statistical analysis environment using a
least-squares regression approach. Data points were additionally grouped by land ownership
to test for a significant difference between public and private land ownership.
Multivariate Analysis
Both principle components analysis (PCA) and non-metric multi-dimensional scaling (NMDS)
where used to uncover relationships in the data using multivariate analysis. In each case,
the relative abundances of each tree species was assessed as the species or primary, matrix
and the spatial indexes of nearest neighbor, species mingling, contagion, and QMD were
observed as the environment, or secondary, matrix. Both analyses where performed using
the vegan package in R. The rda and metaMDS methods were used for the PCA and NMDS
analyses respectively. NDMS results were reported using the Bray-Curtis distance.
4.3 Results
4.3.1 Spatial Indexes
Plot values for the stand spatial indexes are shown in Table 4.1. These values were tested
against various diversity and biometric variables shown in table Table 4.5.
4.3.2 Overview of Linear Regression
At the beginning of the statistical analysis a correlation matrix was derived using the various
spatial indexes and stand biometrics to reveal any prominent relationships (Table 4.5). This
served as an effective method for guiding the exploratory analysis to identify key drivers in
spatial dynamics warranting further investigation.
Table 4.6 lists the remaining statistically significant relationships after the Bonferroni






























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 4.4: Species richness and diversity data for each plot
Plot Shannon Index Simpson Index Species Richness
1 0.279 0.113 4
2 1.586 0.765 6
3 0.127 0.054 2
4 0 0 1
5 0.983 0.514 4
6 0.709 0.440 3
7 1.100 0.485 8
8 1.132 0.633 4
9 0.586 0.397 2
10 0.853 0.473 4
11 0.866 0.451 4
12 0.839 0.509 4
13 1.256 0.685 5
14 1.114 0.624 4
15 0 0 1
16 0 0 1
17 1.316 0.717 4
18 1.265 0.665 5
19 0.129 0.047 3
20 0 0 1
21 1.050 0.636 3
22 0 0 1
23 0.113 0.046 2
24 0.187 0.088 2
25 0.215 0.105 2
26 0.165 0.075 2
27 0 0 1
28 0.678 0.485 2
29 1.870 0.821 8
30 0.629 0.437 2
31 0 0 1














r — ‐0.198 ‐0.221 ‐0.117 ‐0.812 *** 0.555 *** ‐0.472 ** ‐0.366 * ‐0.330
  p‐value — 0.278 0.223 0.525 < .001 < .001 0.006 0.039 0.065
Mingling Pearson'sr   — ‐0.026 0.333 0.199 ‐0.166 0.019 0.043 0.934
***
  p‐value   — 0.886 0.063 0.276 0.363 0.919 0.815 < .001
Contagion Pearson'sr     — 0.529
** 0.070 0.068 0.256 0.246 0.036




r       — 0.107 0.274 0.420
* 0.515 ** 0.416 *
  p‐value       — 0.558 0.129 0.017 0.003 0.018
Trees/ha Pearson'sr         — ‐0.545
** 0.508 ** 0.384 * 0.369 *
  p‐value         — 0.001 0.003 0.030 0.038
QMD Pearson'sr           — 0.343 0.422
* ‐0.169
  p‐value           — 0.055 0.016 0.355
Basal Area/ha Pearson'sr             — 0.965
*** 0.212
  p‐value             — < .001 0.244
Biomass/ha Pearson'sr               — 0.207




r                 —
  p‐value                 —
Note. * p < .05, ** p < .01, *** p < .001
 
Table 4.5: Correlation matrix of various spatial indexes and biometrics
Var 1 Var 2 PearsonCorrelation p-value
Adjusted
p-value
Nearest Neighbor Trees/ha -0.812 > 0.001 > 0.001
Nearest Neighbor QMD 0.555 0.001 0.035
Trees/ha QMD -0.545 0.001 0.045
Basal Area/ha Biomass/ha 0.965 > 0.001 > 0.001
Mingling Shannon Diversity 0.934 > 0.001 > 0.001
Table 4.6: Variable relationships considered statistically significant after Bonferroni p-value
adjustment
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Figure 4.2: Linear relationship of mean nearest neighbor vs. trees per hectare
were the only tested spatial indexes significantly correlated with any stand biometrics.
Nearest Neighbor
Mean nearest neighbor was one of the spatial indexes that was strongly correlated with any
of the measured forest biometrics. With a Pearson correlation of −0.81, it was significantly
correlated with the number of trees per hectare. This was investigated more closely using a
second degree polynomial linear regression, as shown in Figure 4.2 reporting an R2 value of
0.81.
Additionally, mean nearest neighbor was less significantly correlated with QMD, with a
reported Pearson correlation of 0.56. A second degree polynomial regression fit the relation-
ship between these variables with an R2 value of 0.44 (Figure 4.3).
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Figure 4.3: Linear relationship of mean nearest neighbor vs. quadratic mean diameter
73
Figure 4.4: Linear relationship of species mingling vs. species richness
Species Mingling
Shannon’s diversity index was found to be significantly related to the species mingling index.
Unsurprisingly, a strong positive correlation was found between these two variables. The
strength of this relationship was identified by a Pearson correlation of 0.934. This was
supported by a strongly correlated linear-regression with an R2 value of 0.92. (Figure 4.4).
Species mingling did not significantly correlate with any of the other measured biometric
variables. An example of the lack of such a relationship is demonstrated in Figure 4.5, which
fails to reveal a correlation.
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Figure 4.5: Linear relationship between species mingling and relative ponderosa pine abun-
dance
75
Figure 4.6: Linear relationship of contagion vs. species richness
Stand Contagion
No significant relationship could be established between stand contagion and any response
variables. This is most effectively represented by the relationship between species diversity
and stand contagion (Figure 4.6). At first glance, neither the figure, nor the scatter-plot
matrix reveals any variable significantly influencing the contagion value. In the figure, both
the RMSE and R2 values do not support the conclusion of any meaningful relationship.
DBH Differentiation
Like stand contagion, DBH differentiation was not found to be significantly correlated with
any of the tested forest biometrics. It was hypothesized that DBH differentiation would be
positively related to QMD. While they were loosely positively correlated, this relationship
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Figure 4.7: Linear relationship between DBH Differentiation and QMD
could not be deemed significant using the available data (Figure 4.7).
4.3.3 Multivariate analysis
Principle Components Analysis
Principle components analysis (PCA) was the initial method used to establish prominent
relationships in the data. Due to the nature of the analysis, it allows for the possibility
of revealing unexpected correlations in the data that might have otherwise been missed
(McCune et al., 2002). A diagram of the visual interpretation of the results can be observed
in Figure 4.8. The resulting eigenvectors were successful at explaining the variance within
the dataset. Axis 1 explained 97% of the variance, while axis 2 explained 3%, leading to a
cumulative explanation of 100% of the data along the first 2 axis. Stand contagion is most
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Figure 4.8: 2-Dimensional solution for PCA results. ’Richness’ is species richness, ’tpha’ is
trees per hectare, ’bioha’ is biomass (kg) per hectare, ’baha’ is basal area (m2) per hectare.
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Figure 4.9: 2-D NMDS output
significantly correlated with axis 1 while relative ponderosa pine abundance and Shannon
diversity scores are nearly equally and oppositely correlated with axis 2.
Non-metric multidimensional scaling
Non-metric Multidimensional Scaling (NMDS) provides a different perspective from PCA in
that it does not assume a linear relationship between response variables. This makes it a
useful tool within the multivariate analysis toolkit since it has the potential to reveal oth-
erwise hidden relationships, particularly among environmental data (McCune et al., 2002).
Figure 4.9 shows a graphical representation of the NMDS results. The NMDS analysis re-
ported an overall type 1 stress of 0.036 across 2 dimensions. 33 iterations were performed to




The spatial interactions between trees in a forest stand plays a significant role in each in-
dividual’s growth trajectory. As space is consumed by one stem, another will respond to
the unavailability of that space. An example of this is the analysis of distance-dependent
relationships in forest stands by Tome and Burkhart (1989). In conjunction with the fact
that technologies such as LiDAR are becoming faster and lighter, this means it will be easier
to perform spatial analysis on forest stands. This will increase the available bandwidth for
research on these types of spatial interactions. In which case, it is beneficial to improve the
understanding of how various forest biometrics relate to the spatial function of the stand.
Significant correlations between spatial metrics and biometrics will allow for the inference
of biometric measurements from spatial data. Additionally, the increased accessibility of
spatial data will enhance the understanding of how commonly observed attributes like stand
density, species mixture, and QMD influence the spatial organization of the stand.
Therefore, the objective of this analysis is to determine:
1. If any meaningful correlative or causal relationship exists between these two groups of
variables.
2. If it is possible to use one of the calculated spatial metrics as a proxy for a biometric.
3. Examine how any the given forest biometrics affect the spatial organization of the
stand.
4.4.2 Spatial Indexes
Four spatial indexes were investigated in this chapter, nearest neighbor, stand contagion,
species mingling, and DBH differentiation. Composed of the simplest calculation, nearest
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neighbor was the most strongly correlated with the featured stand biometrics. This is sup-
ported not only by the linear relationships tested, but from the results of the multivariate
analyses. Both the PCA and NMDS indicated a strong correlation between mean nearest
neighbor and their respective primary axis. Additionally, species mingling was strongly cor-
related with the Shannon diversity index. The two other indexes, stand contagion and DBH
differentiation, were not found to be significantly correlated with any biometric.
4.4.3 Nearest Neighbor
The nearest neighbor index was most significantly correlated with trees per hectare as shown
in Figure 4.2. This is not a particularly surprising finding on its own as it is a reasonable
assumption that as the number of trees in a stand increases, the mean distance between trees
is likely to decrease. However, stand density alone does not indicate how stems distribute
at varying density levels. They could either evenly distribute or cluster according to some
environmental factor. The former would have a more significant impact on the mean nearest
neighbor for the stand than the latter. Combined, these two variables can reveal whether or
not stems are clustering within the stand.
Operating on the assumption that trees will distribute themselves the maximum possible
distance from each other, an ideal relationship can be established between stand density and
mean nearest neighbor. This relationship can then be used as a baseline to compare against
measured values of these two variables, allowing for the determination of any significant
clustering happening within the stand. An example of what this relationship would look like
is shown in Figure 4.10. The dashed line indicates the maximum nearest neighbor value at a
given stand density under ideal conditions. Further deviation from the dashed line into the
area highlighted in red indicates a greater degree of stem clustering within the stand.
Mean nearest neighbor was also found to be significantly correlated to quadratic mean
diameter (Figure 4.3). As mean nearest neighbor increases, so does QMD. Furthermore,















Figure 4.10: Example of a baseline relationship between stand density and mean nearest
neighbor. The dashed line indicates the hypothetical baseline, while the area shaded in
red indicates where the mean nearest neighbor would be lower than expected for the stand











Figure 4.11: Example of a baseline relationship between species diversity and species min-
gling. The dashed line indicates the hypothetical baseline, while the area shaded in red
indicates where species mingling would be lower than expected for the stand density, poten-
tially indicating species clustering.
underlying cause for this relationship is that QMD and stand density are significantly and




In terms of R2 value, species mingling was strongly correlated with the Shannon diversity
index. The mechanism for this relationship is likely due to the typical spatial distribution of
species individuals within a forest stand. As the stand approaches full species evenness, the
likelihood that the neighbor of a given stem is of another species increases. This results in a
strong, positive correlation between species diversity and species mingling. However, much
in the way of how mean nearest neighbor can describe spatial distribution with respect to
stand density, species mingling can do so with respect to species diversity.
Similar to the proposed index between stand density and nearest neighbor, Figure 4.11
presents an index to examine clustering within the stand at the species level. If a species
mingling value is low relative to the species richness or diversity of the stand, this would
indicate a greater degree of spatial clustering across the stand. With the dashed line rep-
resenting a perfectly even distribution of species individuals throughout the stand, points
within the red region would indicate some amount of species clustering.
4.4.5 Stand Contagion & DBH Differentiation
Both stand contagion and DBH differentiation were not significantly correlated with any
featured forest biometric. Stand contagion is a measure of adherence to the spatial organiza-
tion within the stand with respect to a grid. A higher value indicates an evenly distributed,
organized assortment of stems, where a lower value indicates a higher degree of randomness
in the location of each stem. Stand contagion was expected to play a significant role in
stand function, and was notably correlated with the fist PCA axis (Figure 4.8). Likewise,
there was an expected relationship between DBH differentiation and QMD. There is a real
possibility that both stand contagion and DBH differentiation do not significantly interact
with any forest biometric, however it may also be possible that their affect could not be
measured within the scope of this experiment.
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Buongiorno et al. (1994) makes the argument that diameter diversity, which would likely
be captured by the DBH differentiation, is reduced from its theoretical maximum when
management practices are applied. Therefore, DBH differentiation may also potentially serve
as a measure of the effect of forest management. Yet, since there is no variable measured
in this study that knowingly reflects these types of practices, this hypothesis cannot be
supported by the data.
It is possible that stand contagion could represent the effect of human intervention. While
not specifically resulting of management actions there is evidence that human disturbance
simplifies stand structure (Mladenoff et al., 1993). Stand contagion essentially measures the
complexity of spatial organization. The minimum value for stand contagion would indicate
the organization of trees along a square lattice. Yet this assortment of stems would rarely, if
ever, occur in nature. The only realistic circumstance that would yield a minimum contagion
value would require maximum human intervention. Using this logic, it is suggested that stand
contagion could be a measure of human intervention in the stand. However, this application
of stand contagion is hypothetical and would require an experimental design that gauges the
degree of management impact on the stand.
4.5 Chapter Conclusions
Through the use of a multitude of data analysis techniques, this study lifted the most promi-
nent influences on the spatial dynamics of forests in Eastern Oregon. The greatest takeaway
was how these spatial metrics can be used in conjunction with related forest biometrics to
produce a more in depth analysis of stand organization. In sum, the conclusions from this
section are:
1. Mean nearest neighbor is significantly and negatively related to stand density, poten-
tially indicating the degree of spatial clustering in the stand.
2. Species mingling is significantly and positively related to species diversity, potentially
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indicating the degree of species-level spatial clustering across the stand.
3. Stand contagion and DBH differentiation could not be linked to any featured biometric,





When working with a relatively new technology such as UAS, there was a limited amount
of research to draw on which had established best practices for data collection. Therefore,
unforeseen challenges arose as methods were put to practice, redirecting attention to where it
was truly needed. We discovered that elements first appearing inconsequential required nu-
ance in their management. With the project concluded, these elements can be considered in
retrospect to make well-informed recommendations for operational procedures in the future.
The hope is that these recommendations may improve the efficacy of UAS data collection in
forestry.
5.1 The Limitations of UAS
The availability of UAS has prompted consideration for its role in scientific research (Watts
et al., 2012; Sperlich et al., 2014; Colomina and Molina, 2014). However the advantages
of UAS should not mis-characterize the technology as an all-encompassing solution. This
technology currently features its fair share of limitations when working in this environment,
some that are inherent to its design, and others to be overcome as the technology progresses.
While the maneuverability demonstrated by UAS is unparalleled by near all other forms of
consumer aerial platforms, it limits in payload capacity and flight time inhibit more extensive
data collection. Payload capacity influences the choice in imaging device that can be mounted
to the platform, restricting the use of heavier imaging devices capable of obtaining data of
a higher quality. Additionally, it would be possible to capture more information if the flight
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time could be expanded beyond the current average of about 25 minutes. Yet, this is imposed
by the current technological limits on battery technology which takes a significant amount of
time to charge while providing limited flight time. Presumably battery technology will evolve
to make this less of a concern for future endeavors. Furthermore, the value of the payload
arose as a concern due to the risk posed by the very nature of remote controlled flight,
being significant enough to utilize less expensive equipment because it was deemed more
expendable. While these technological limitations have provided a challenge throughout our
work with UAS, there are also those inherent to the forested environment that we work with.
One of the largest hurdles to overcome when working with UAS in forestry is the lack
of access to the understory during flight. Some stands visited for this project were sparse
enough to allow for a notable degree of understory mapping, however many forests of the
world do not permit any significant visibly of the ground through the canopy. This makes it
quite difficult to identify individual trees or count the stems in a stand, it also makes it near
impossible to measure DBH in denser stands with only UAS imagery. The alternative that
was utilized in this project was to try identifying individual tree crowns based on the peaks
and valleys between crown centroids. The challenge here is that the resulting stem maps are
only as good as the data that is obtained. In order for this to be an effective and accurate
method for identifying individual trees, every action possible must be taken to capture the
three-dimensional features of the canopy. Not only must the highest quality imagers be
utilized, but they have to be configured to counter the motion blur that is common in the
aerial imaging scenario. Imagery must be obtained at the maximum rate possible to ensure
full and robust coverage of the plot, and it is imperative to experiment with alternative
mounting techniques to capture a greater spatial depth in the canopy.
5.2 Amendments to Methods in UAS Image Acquisition
The time since our work in the field has provided plenty of opportunity to ponder the
limitations experienced and consider possible solutions. Our suggestions for procedural im-
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provements when working with UAS in forestry include those for setting the imaging device
and operating the vehicle as well as on the ground during plot construction. The most cru-
cial area for improvement is working with the imaging device to ensure the greatest image
quality possible. One of the most significant issues encountered was with various images be-
ing unsuitable for use with the SfM software, potentially excluding elements from the scene.
Additionally, in the interest of allowing the product the greatest ability to interface with
other remote sensing products, another area of focus has been improving efforts to increase
the geolocation accuracy of the imagery obtained.
5.2.1 Camera & Image Quality
Choosing the proper imaging device is one of the most crucial aspects that influence the
resulting quality of the data. There are a multitude of options to choose from ranging from
consumer point-and-shoot to multi-spectral imagers. In our project we chose a micro four
thirds format camera that offered a good compromise between image quality, portability,
and ease of use. While this camera was well-suited to our needs, the one area it was lacking
was in geolocation ability. From our experiences in the field, it is highly recommended that
any camera utilized for aerial imaging includes an onboard GPS to aid in georeferencing the
imagery (alternatively one may tie the GPS path of the UAS to the imagery by timestamp).
Not only will this improve the accuracy of georeferencing the data, but it will allow for more
easily organizing imagery by plot location and aid in the image alignment process when
imported into an SfM software package like Agisoft Photoscan.
After unpacking the plot images, it was apparent that the motion blur caused by the
movement of the UAS was notable and required corrective action. As the available bat-
tery capacity limits the image collection efforts onboard the UAS, every image counts, and
improving the general image quality is key to improving the model as a whole. The typ-
ical automatic mode on a camera will not correct for this leading to some images being
too blurry to use, especially those taken when repositioning the UAS. In order to prevent
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motion-blur it is suggested to use a ’manual’ or ’shutter-priority’ mode with the shutter
speed set to 1/800th of a second or less (Colomina and Molina, 2014; Dandois and Ellis,
2013). This ensures images will be taken at a speed great enough to be impacted minimally
by motion-blur.
As mentioned earlier, a multi-spectral Tetracam was available, but its multispectral ca-
pabilities were at the expense of resolution. The camera was not able to capture the level
of detail that the true-color camera was capable of which greatly reduced the utility of its
imagery. That being said, multi-spectral imagery can be of great use to a UAS based forest
observation, and there exists an alternative method for capturing imagery in the infrared.
The best option is to simply remove the infrared filter from any typical consumer camera.
This is the most affordable option and produces high-resolution infrared imagery that can
be overlaid to it’s true color counterpart during image processing to extract NDVI and other
useful information.
5.2.2 Camera Angle
An additional topic that became relevant during image processing was the potential ad-
vantage of working with cameras mounted at different angles, together offering a greater
perspective on the forest structure. Every image used for this study was collected using a
camera that was directed at nadir, pointed directly at the ground. This vantage point is the
most efficient for aerial image collection, maximizing ground coverage and limiting distor-
tion. Yet, this is somewhat limiting when it comes to reconstructing the canopy elements
in three dimensions. With the camera facing directly downward, it there are components of
the understory that will be consistently missed and it will be extremely difficult to capture
tree stems in scenarios where changing the camera angle may be able to do so (Figure 5.1).
This ultimately leaves gaps in the reconstructions which could be solved with changing the
camera angle. We can observe the benefit of this methodology in Fritz et al. (2013), where
a 45°camera angle was utilized to offer a greater perspective on the vertical profile of the
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Figure 5.1: Difference in vantage points based on camera angle. Camera represented by
arrow with perpendicular line emphasizing viewing angle. Greater portion of side profile is
captured when positioned off nadir.
stand. When combined with an image set taken at nadir, an off nadir collected image set can
better inform the model on the canopy structure, to ultimately provide a greater accuracy
in the canopy reconstruction.
5.2.3 Ground Control Point Organization
The successful georeferencing of collected aerial imagery provides another level of dimension
to the data analysis, allowing it to integrate with a number of other remote sensing products.
This turned out to be more of a challenge than anticipated, as dense forest canopies can
interfere with our ability to locate GCP’s in the imagery. Throughout work in the field
and lab, a number of procedural changes were recognized that could improve the locational
accuracy of the georeferenced. The most notable of these changes involved enhancing the
ability to identify GCP’s on the ground.
In our plot design GCP’s were tied to plot corners. This was intended to make georef-
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erencing more accurate, as whatever error in the GPS coordinates would be counteracted
by factoring in known distances between points, yet this methodology also prohibited their
movement based on anticipated visibility. Given the variable density of the canopy, some
GCP’s are not visible in some of the plots. For this reason, we encourage the use of addi-
tional GCP’s beyond those previously stated, planted in locations on or near the plot with
guaranteed visibility through the canopy. Additionally, it may be useful to make the ground
control points uniquely identifiable, which is also helpful in expediting the image alignment
process for the user. Utilizing different shapes and colors may be helpful in this practice.
Last, despite the aforementioned issues with our method of GCP placement, it was incredi-
bly useful to know the distance between them. It is highly encouraged that the distance is
measured between as many GCP’s as possible.
5.3 Perspectives from this Project
There is an array of applications for UAS in the field of forestry. This project served to
sample some of these across a range of forest conditions, providing a sense of where the
technology stands and a gauge on the potential for these different types of analyses. As it
stands one of the greatest strengths of UAS lies in its use to produce 3D forest visualizations
from an aerial perspective. Viewing a point-cloud representation of a forest gives the viewer
a greater qualitative sense of the scene than can be derived from a aerial image on its own.
Of course, the was a range in quality among the visualizations produced in the course of
this project as the result of various factors. However, it appears likely that inconsistencies
in output quality will be resolved as imaging devices improve, the software improves, and
best practices are solidified.
Estimating stand-level stem counts served to test the use of UAS as a tool to measure
aggregate statistics, observing if the trends in data acquired over a larger area were repre-
sentative of reality. It was learned that stand density was a major control over the predicted
stand count, and its influence would have to be better understood and accounted for in order
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to produce reliable information. This is a hurdle that can likely be overcome, but will require
extensive experimentation with varying forest types and conditions to develop models that
can accurately produce this information.
Looking to estimate forest biometrics was the most challenging application incorporated
into this project, and it was clear that the potential for success depends on the variable of
interest. Although difficulty was experienced in attempting to estimate tree height, refine-
ment in data processing techniques that better capture the vertical profile of the canopy
could bring about accurate estimations. Crown radius and volume may prove to be more
challenging to emulate as these estimations are susceptible to effects from stand density and
species composition. This will likely make it more challenging to estimate biometrics for
stands with denser canopies, largely due to the difficultly of differentiating individual crowns
and obtaining data that penetrates the top layer of the canopy.
5.4 The Future of Unmanned Aerial Systems in Forestry
Bringing UAS into the field of forestry confers the ability to observe trees from above in a
truer sense than ever before. When forests are viewed from satellite imagery they are an
abstraction, estimated from what we know about the forest of interest. Air photos from a
fixed wing bring them into greater perspective, but an individual tree is still lost within the
stand. UAS imagery allows us to see the tree as an organism in itself and in three dimensions.
Foresters can now utilize imagery that allows them to observe trees in themselves and as
part of the stand. These observable features may indicate diseased trees from a sole UAS
observation, and may help calculate accurate stand-level statistics from three dimensional
reconstructions. Larger organizations like the U.S. Forest Service may benefit from the ease
at which this data may be collected, while smaller private operations may appreciate the
wealth of data they can access at their fingertips. The introduction of UAS applications to
forestry could change the face of forest observation in the coming decades.
Researchers in remote sensing have long worked within the constraints of the current
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infrastructure. They would rely on governments or private corporations to produce the
platforms that could be used for research. Personal experience revealed this to be one of its
most frustrating limitations. A lack of control over the coverage area and quality of data
inhibited potential projects. Now there are available consumer instruments that stand to
challenge the status quo of the field of remote sensing. The ability to collect imagery that
caters to one’s needs is on the horizon, opening the door to new possibilities in research and
application. Foresters in particular have begun to take note as it offers the prospect of an
alternative to the labor intensive types of forest observation that have been necessary to this
day. While there is still much left to be done, the current progress with UAS hints at future
where an individual will be able to capture data that provides an unprecedented level of
insight to the goings on at the surface of the earth.
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